A diagnostic Lagrangian method to trace the budgets of freshwater fluxes, first described in Part I of this article, is used here to establish source-sink relationships of moisture between earth's ocean basins and river catchments. Using the Lagrangian particle dispersion model FLEXPART, driven with meteorological analyses, 1.1 million particles, representing the mass of the atmosphere, were tracked over a period of 4 yr. Via diagnosis of the changes of specific humidity along the trajectories, budgets of evaporation minus precipitation (E Ϫ P) were determined. For validation purposes, E Ϫ P budgets were calculated for 39 river catchments and compared with climatological streamflow data for these rivers. Good agreement (explained variance 87%) was found between the two quantities. The E Ϫ P budgets were then tracked forward from all of earth's ocean basins and backward from the 39 major river catchments for a period of 10 days. As much previous work was done for the Mississippi basin, this basin was chosen for a detailed analysis. Moisture recycling over the continent and moisture transport from the Gulf of Mexico were identified as the major sources for precipitation over the Mississippi basin, in quantitative agreement with previous studies. In the remainder of the paper, global statistics for source-sink relationships of moisture between the ocean basins and river catchments are presented. They show, for instance, the evaporative capacity of monsoonal flows for precipitation over the Ganges and Niger catchments, and the transport of moisture from both hemispheres to supply the Amazon's precipitation. In contrast, precipitation in northern Eurasia draws its moisture mainly via recycling over the continent. The atmospheric transport of moisture between different ocean basins was also investigated. It was found that transport of air from the North Pacific produces net evaporation over the North Atlantic, but not vice versa. This helps to explain why the sea surface salinity is higher in the North Atlantic than in the North Pacific, a difference thought to be an important driver of the oceans' thermohaline circulation. Finally, limitations of the method are discussed and possible future developments are outlined.
Introduction
Transport of water vapor in the atmosphere from regions of net evaporation to regions of net precipitation is an important part of the hydrological cycle. Freshwater falling as precipitation is a valuable resource, and, especially in regions with scarce supply, it is important to know where this resource is coming from (e.g., Gong and Eltahir 1996) because only then is it possible to assess how it responds to hydrological changes in its source region.
Transport of water vapor in the atmosphere is also a driving force of the thermohaline circulation (Weaver et al. 1999) . The North Atlantic Ocean, for instance, is a relatively strong source of water vapor through net evaporation, in contrast to the North Pacific Ocean. This leads to a higher sea surface salinity in the North Atlantic than in the North Pacific Ocean. Fresher water flowing through the Bering Strait from the Pacific into the Arctic and North Atlantic Ocean partly compen-sates this, but the higher sea surface salinity is still thought to be an important reason why deep water is formed in the North Atlantic, but not in the North Pacific (Hasumi 2002) . It has been speculated that the atmospheric transport of moisture from the subtropics to the higher latitudes is more effective in the North Pacific than in the North Atlantic and thus maintains the northern North Pacific's lower sea surface salinity (Emile-Geay et al. 2003) . However, this does not account for atmospheric transport of moisture between the ocean basins, which may also be responsible for the salinity differences between the two oceans.
Moisture transport between different regions of the earth is difficult to quantify as it involves all components of the hydrologic cycle. In the framework of general circulation models, water tracers can be tagged according to the water's source region to evaluate their contribution over receptor regions (Koster et al. 1986; Numaguti 1999; Bosilovich and Schubert 2002; Bosilovich et al. 2003) . However, general circulation models have a number of weaknesses (e.g., microphysical parameterizations) regarding their capability to realistically simulate the hydrological cycle. Therefore, there is a need for independent diagnostic methods to quantify moisture transports based on observational or meteorological analysis data. There exist simple diagnostic methods to calculate so-called recycling ratios, the fraction of precipitation that originates locally within a region (Eltahir and Bras 1996) . Apart from their sensitivity to the choice of a length scale and their dependence on the assumption of a well-mixed atmosphere, recycling models cannot determine where the water with a nonlocal source is coming from. With other diagnostic methods, such as the mapping of vertically integrated atmospheric moisture fluxes (e.g., Smirnov and Moore 2001; Liu and Stewart 2003) , regions of net convergence and divergence of moisture can be determined. But as the atmospheric circulation is not stationary, these maps are misleading regarding the transport of water vapor from its evaporative sources to its precipitation sinks. Integrating the moisture fluxes across a basin boundary (e.g., Chen et al. 1994 ) allows one to quantify the in-or outflow of moisture to or from a basin, but does not say where the moisture crossing the boundary is coming from or going to. For such transport studies, trajectories have often been applied, either qualitatively in case studies (Crimp and Mason 1999; Bertò et al. 2004; Knippertz and Martin 2005 , hereafter KM), or quantitatively involving prognostic evaporation data (Dirmeyer and Brubaker 1999) . This paper applies a new Lagrangian diagnostic method developed in the companion paper to this article (Stohl and James 2004, hereafter Part I) . Using meteorological analysis data it determines whether transport of air masses from a source ocean basin causes net evaporation or net precipitation in other ocean basins. It also identifies reasonably strong precipitation events over river basins and answers the question of where the water producing the precipitation came from. The next section briefly reviews the method and describes its application here. Section 3 provides further validation of the method, section 4 gives examples of the moisture tracking, and section 5 presents global statistics of moisture transport between earth's major ocean and river basins. Section 6 discusses strengths and weaknesses of the method and the reliability of the results obtained, and, finally, conclusions are drawn in section 7.
Methods
In Part I, we presented a new method to track atmospheric moisture along trajectories calculated using the Lagrangian particle dispersion model FLEXPART (Stohl et al. 1998 ) driven with meteorological analysis data from the European Centre for Medium-Range Weather Forecasts (ECMWF) (White 2002) . A large number of so-called particles was distributed homogeneously in the atmosphere and then transported by the model using the full three-dimensional winds, as resolved in the ECMWF analyses. Their positions were recorded every 3 h together with the specific humidity q interpolated from the ECMWF data. ECMWF moisture analyses are less accurate than mass and momentum analyses, but the analyses are still strongly constrained by humidity measurements. Therefore, changes in the moisture fields from analysis time to analysis time largely reflect real hydrological processes. As many of these processes (e.g., assumptions on subgrid-scale convective fluxes, entrainment, detrainment, condensation, precipitation initiation, etc.) are poorly understood, humidity changes with time are less uncertain than those taken from a free-running model. The extent to which they are constrained by actual observations, however, depends on the accuracy and availability of observations as well as on the quality of the data assimilation.
From the FLEXPART output, changes in q with time t were used to diagnose the moisture budget of a particle,
where m is the particle's mass, and e and p are the rates of moisture increases and decreases along the trajec-tory, respectively. It was shown that by solving Eq. (1) for all particles and amassing e Ϫ p over all K particles residing in the atmospheric column over an area A,
is equivalent to the Eulerian budget equation
qv dp, ͑3͒
where E Ϫ P is the surface freshwater flux, w ϭ (1/g)͐ ps 0 q dp is the precipitable water, g is the gravitational acceleration, p s is the surface pressure, v is the wind, and E and P are the evaporation and precipitation rates per unit area, respectively (Trenberth and Guillemot 1998) . We showed that when using a large enough number of particles, the two methods give almost identical results. Essentially, this method diagnoses a quantity (E Ϫ P) that is not observed by a global network, from analyzed changes in a quantity (q) that is observed, using also-analyzed wind data. Under certain assumptions, the method can also separate E and P but it was shown that this separation is ambiguous and results are reasonably accurate only when one of the two terms is known to be much larger than the other, for instance when P ӷ E during rain events. For many purposes, for instance the determination of the freshwater budget over the oceans, a separation of E and P is indeed not needed at all. But to identify the water source regions for precipitation over land, we diagnose reasonably strong precipitation events. The main advantage of the Lagrangian method [Eq. (2) ] over the Eulerian method [Eq. (3) ] is that it can also track E Ϫ P from a region forward or backward in time by evaluating Eq. (1) along the trajectories of appropriately selected particles.
The model, FLEXPART version 5.1, and its setup is exactly the same as in Part I and is, therefore, not described here. The only difference to the previous study is that 1.1 million particles, 300 000 more than previously, were used. In addition to advection with the resolved winds, the model also accounts for subgrid turbulence by adding random motion components to the particles (Stohl et al. 1998) , which is important especially in the boundary layer. The model's convection scheme was not used in this study. High vertical resolution at low altitudes is important because most of the water vapor resides in the lower troposphere. Because ECMWF increased the vertical resolution of its operational model to 60 levels (of which approximately 14 are below 1500 m and 23 are below 5000 m) in October 1999, we used the period 1 November 1999 to 30 November 2003 for our study. Global indices of climate variability (e.g., the multivariate El Niño-Soutern Oscillation index available from the Climate Diagnostics Center) do not show any extreme values or biased mean values during that period. Thus, the climate conditions during the 4 yr should be rather typical on a global scale.
We used ECMWF operational global analyses every 6 h (at 0000, 0600, 1200, and 1800 UTC), and 3-h forecasts at intermediate times (at 0300, 0900, 1500, and 2100 UTC) with 1°ϫ 1°resolution and all 60 vertical levels. Note that the method could have been used also without the forecast data, the major difference being a somewhat decreased resolution and accuracy because of the long time step. Several changes were made to the operational ECMWF integrated forecast system during the time period considered. For long-term studies, reanalysis data that are generated with a "frozen" model and data assimilation system would be preferable but time consistency is not crucial for the rather short period of this study. We used the operational data because of the higher quality compared to the reanalysis datasets from ECMWF (higher spectral resolution and, for the later years, an improved data assimilation).
In this study we trace E Ϫ P both forward from the earth's ocean basins and backward from river catchments. To distinguish between the different ocean basins, we used digital data with 1°resolution from the World Ocean Atlas (Conkright et al. 2002) . The ocean basins are shown in Fig. 1 and their names are listed in Table 1 . We investigated 39 river basins, for which gridded geographical data with 0.5°resolution were obtained from the Global Runoff Data Center (Vörös-marty et al. 2000; Fekete et al. 2000) . These river systems are shown in Fig. 2 and their names are listed in Table 2 . The basins were selected subjectively, but they include the world's largest rivers and at least one river from every continent.
Validation of E ‫‬ P estimates for the river basins
In Part I we validated E Ϫ P fields calculated with the Lagrangian method by comparing them with E Ϫ P fields from an established Eulerian diagnostic (Trenberth 1997) and with model forecasts of E and P. Here we provide additional validation. For large scales and long time periods, water mass conservation dictates that over land E Ϫ P must be negative and balanced by the runoff into the ocean. For a river basin, in particular, the area-integrated E Ϫ P must equal the streamflow into the ocean (ignoring groundwater discharge) for time periods long enough that changes in atmospheric and terrestrial water storage become insignificant (Seneviratne et al. 2004) , which is typically one to a few years (Gutowski et al. 1997) . River-mouth streamflow data can, therefore, be used to validate E Ϫ P estimates.
Unfortunately, stations gauging the streamflow are normally not located directly at the river mouth but further upstream. We therefore use data from Dai and Trenberth (2002) who have combined streamflow data from the world's 200 largest rivers' farthest downstream stations with a river transport model to estimate the long-term mean river-mouth streamflows. There are several caveats in comparing our E Ϫ P estimates with the Dai and Trenberth (2002) climatology. First, the 4-yr period studied here may be different from the climatology. The standard deviation of annual streamflow is some 10%-30% of the mean flow for the largest river basins, but it can be much larger for smaller basins (Dai and Trenberth 2002) . Second, the streamflow data used by Dai and Trenberth (2002) also contain uncertainties of typically a few percent (Seneviratne et al. 2004) . Third, differences between the streamflow at the farthest downstream station and the estimated streamflow at the river mouth can be substantial, in some cases more than a factor of 2. In these cases, the values at the river mouth are sensitive to errors in the river transport model used by Dai and Trenberth (2002) . Fourth, smaller river basins are not well resolved by the 1°r esolution of the ECMWF data and area integration of E Ϫ P can be quite erroneous. This is particularly important in mountainous regions where a substantial fraction of the precipitation can occur close to the division between watersheds. Fifth, changes in terrestrial water storage over the 4-yr period would also introduce an error. This is especially relevant at high latitudes, where changes in snowpack can be significant, and in arid or semiarid regions, where substantial changes in Figure 3 shows a scatterplot of 4-yr-average riverbasin-integrated P Ϫ E values versus the climatological river-mouth streamflow data of Dai and Trenberth (2002) . There is a relatively good agreement between the two datasets, especially for many of the largest river basins. A regression analysis between the 39 values of the two datasets yields an explained variance of more than 87% with a slope of 0.61 and an intercept of 61 km 3 yr Ϫ1 . For some of the river basins, however, there is a significant imbalance between P Ϫ E and the rivermouth streamflow (Table 2) . For the world's largest river, the Amazon, for instance, P Ϫ E underestimates the river-mouth streamflow by 40%, a fact that has been noted in previous studies (e.g., Dai and Trenberth 2002) . For the next three largest basins, however, the agreement is better than 13%, with P Ϫ E slightly overestimating the streamflow. For the fifth largest river, the Mississippi, the streamflow is underestimated by 16%. This imbalance is comparable to or smaller than ) from 39 selected river catchments estimated using the Lagrangian diagnostic (P Ϫ E ) for the period Dec 1999-Nov 2003, and climatological river-mouth flows estimated by Dai and Trenberth (2002) (DT02) . Catchments are numbered (N) as in Fig. 2 . Table 2 ; the colors are arbitrary.
others published for the same river basin (Seneviratne et al. 2004) or its subbasins (Gutowski et al. 1997) . Our P Ϫ E estimates compare favorably also with previous estimates for the Mackenzie (Smirnov and Moore 2001; Serreze et al. 2003 ) and the Ob and Yenisey (Serreze et al. 2002) . For the Lena basin a previous study reported better agreement (Serreze et al. 2002) . Agreement is generally less good for smaller basins because the accuracy of moisture convergence calculations decreases with a basin's size (Rasmusson 1968) . For seven river basins P Ϫ E is negative, indicating that moisture diverges over these basins in the 4-yr average. Such severe discrepancies between P Ϫ E and streamflow have also been reported in other studies (Liu and Stewart 2003) and may be due to fundamental problems in the ECMWF model's water cycle (Betts et al. 2003) or lack of resolution. A reviewer also suggested that groundwater withdrawal is a plausible reason for the Sacramento and Murray basins, but the negative P Ϫ E values may also indicate that the 4-yr period was too short to assume no changes in the water storage for some of the basins. Even though this comparison indicates significant problems with our E Ϫ P estimates for some river basins, the results are within the error bounds of the streamflow data for many river basins and compare favorably with other studies (Gutowski et al. 1997; Smirnov and Moore 2001; Dai and Trenberth 2002; Serreze et al. 2002; Liu and Stewart 2003; Seneviratne et al. 2004) . Therefore, and also based on the validation presented in Part I, we conclude that our E Ϫ P tracking is based on a solid methodology of diagnosing E Ϫ P.
E ‫‬ P tracking-The technique and some examples
In this section, we will present two examples. We will track the moisture from the Mediterranean Sea forward to see in which regions water from originally Mediterranean air masses is lost. And we will track the air masses residing (and also only those precipitating) over the Mississippi basin back in time to see where the moisture originated.
To quantify the net exchange of moisture between river catchments and ocean basins (henceforth referred to collectively as basins), all the particles residing over a given target basin-together representing the entire mass of air over that basin-were identified every 3 h and tracked forward or backward for 10 days. The estimate E Ϫ P during the first trajectory time step (when all the target particles reside over the target basin by definition) is exactly the basin-integrated net freshwater flux. Annual means of these values are reported in Tables 1 and 2 and were compared with the river discharges in the previous section.
Particles leaving their arrival/departure basin gain or lose moisture over other basins. Applying Eq. (2) (disregarding the first time step) along the trajectories of the target particles, therefore, yields E Ϫ P for these basins under the condition that the particles travel to (for backward tracking) or arrive from (for forward tracking) the target basin. Note that, as the target particles disperse, the particles residing in an atmospheric column do not represent its entire atmospheric mass anymore, but only that part of the column fulfilling the criterion that it later (earlier) reaches the target basin. Conditional E Ϫ P values, subsequently referred to as (E Ϫ P) c , therefore, do not represent the surface net freshwater flux, but only the net freshwater flux into the air mass traveling to (arriving from) the target basin. Moisture can also come from evaporating rain droplets received from a precipitating overhead air mass that is not accounted for. Similarly, water can be lost without necessarily producing rain at the surface if droplets evaporate in drier unaccounted air lying underneath the tracked air mass. Also, mixing with other air masses may decrease or increase the tracked air mass' moisture content. Our method cannot distinguish these fluxes from surface fluxes. FIG. 3 . Scatterplot of 4-yr-average river-basin-integrated annual P Ϫ E obtained with the Lagrangian method vs the climatological annual river-mouth streamflow data taken from Dai and Trenberth (2002) . Values are for the 39 river basins listed in Table 1 . Eight river basins are not shown because of too small or negative P Ϫ E. The dashed line represents a 1:1 relationship.
Another weakness of the method is that the entire air mass lying over an ocean basin is tracked forward or backward in time, regardless of whether it had recent contact with the ocean surface or not. This also means that the moisture evaporated over the basin is not kept track of itself. Instead, it is only diagnosed where an air mass originally located over the source basin loses or gains moisture as it travels away from the source.
Trajectory accuracy is critical for our method as trajectory errors can lead to systematic (E Ϫ P) c errors. For instance, if a particle is tracked forward from an ocean basin in a relatively moist air mass but leaves that air mass over time because of trajectory errors, q decreases along its trajectory, leading to erroneous diagnosis of (E Ϫ P) c Ͻ 0. Therefore, (E Ϫ P) c will be systematically too small (large) for the forward tracking from moist (dry) regions. We will come back to this issue in section 6.
Budgets for all target basins were calculated on a 1°ϫ 1°grid and were averaged over monthly periods. The (E Ϫ P) c values were binned into 10 daily "age" classes, according to the time backward or forward along the trajectories. That way, both where and when moisture was received or lost can be determined. We present the (E Ϫ P) c values either for a certain day (e.g., on the fifth day of the tracking) or integrated from the start of the tracking to a certain day (e.g., the sum of days 1-5). To distinguish these two forms, we use the nomenclature (E Ϫ P) n c to show (E Ϫ P) c on day n, and (E Ϫ P) n,i c to show (E Ϫ P) c integrated over days 1 to n (or Ϫ1 to n for backward tracking when n is negative).
While the 10-day period of tracking chosen here is somewhat arbitrary, it is about the average residence time of water vapor in the atmosphere (Numaguti 1999) and it is also a period over which the trajectories can be considered relatively accurate (Stohl 1998) . Furthermore, toward the end of the 10-day period, the patterns in the (E Ϫ P) c fields tend to converge toward the patterns of the unconditional (E Ϫ P) fields (see below), as the particles lose memory of their original position and humidity. From the gridded output, sourcesink matrices between the 39 river and 11 ocean basins were constructed.
To illustrate the forward tracking, we take the case of the Mediterranean Sea, which is a strong net source of water vapor (see Table 1 ). Figure 4 shows the (E Ϫ P) c fields for winter on the first, third, and tenth day of transport, and averaged over all 10 days.
1 As air masses travel away from the Mediterranean, they lose moisture over the surrounding land areas, particularly over Europe (see Figs. 4a and 4b for days 1 and 3). Moisture loss is less pronounced over Africa and subtropical Asia, where moisture actually increases in some regions. Moisture also increases over the Red Sea, whereas it decreases over the Black Sea, as also seen in the 10-day average (Fig. 4d) . The Black Sea is a basin with net evaporation in the unconditional E Ϫ P fields (see Table 1 ), but air arriving from the Mediterranean actually loses moisture there. On day 10, particles have spread over much of the Northern Hemisphere and the (E Ϫ P) 10 c patterns become more similar to the unconditional ones (see Fig. 1 in Part I) as the air loses memory of its Mediterranean origin. Figure 5 shows time series of (E Ϫ P) i c from forward calculations from the Mediterranean and integrated over certain basins. Mediterranean air loses about 69 km 3 per winter season of water above the Danube basin, most of it within the first 4 days of transport because of the proximity of the two basins. Mediterranean air loses even more water over the Volga and Ob basins but because of the longer distance, the moisture loss starts only after 2 and 3 days, respectively, and is still ongoing on day 10, particularly for the Ob. Mediterranean air also loses moisture over the Black Sea between days 1 and 4, but it gains significant amounts of moisture over the Red Sea, which globally is the ocean basin with the highest net evaporation, more than 1300 mm yr Ϫ1 . As an example for the backward tracking, we take the Mississippi River (Fig. 6 , showing annual mean conditions), because for this basin several studies of the moisture source regions are available for comparison (Dirmeyer and Brubaker 1999; Brubaker et al. 2001; Bosilovich et al. 2003) . Most of the air still resides over the North American continent one day back in time ( Fig. 6a) , but some air also comes from the Pacific and the Gulf of Mexico. The value (E Ϫ P) Ϫ1 c is negative over western North America, where air must rise over the mountainous topography, and over the southeastern United States, where moist air arrives from the Gulf of Mexico (see later). The value for (E Ϫ P) Ϫ1 c is positive over much of central North America, including the Mississippi basin itself, indicating the importance of moisture recycling (Eltahir and Bras 1996) over the continent (this feature is more prominent in summer than in winter). The value (E Ϫ P) Ϫ2 c (Fig. 6b) is strongly negative over the Pacific and the North American west coast, indicating that in these regions precipitation typically occurs in air masses in transit to the Mississippi. On the other hand, (E Ϫ P) Ϫ2 c is strongly positive over the Atlantic and, especially, over the Gulf of Mexico. Averaged over all 10 days of transport (Fig.  6c) , relatively strong moisture uptake is diagnosed both over North America itself and the Gulf of Mexico, the Caribbean, and the warm waters close to the eastern seaboard of North America. In addition, the subtropical Pacific also appears as a net moisture source. However, as indicated by the negative E Ϫ P values in Figs. 6a and 6b, much of the moisture may be lost west of the Rocky Mountain chain during the 2 days before the air actually reaches the Mississippi basin.
In the above analysis, all the air over the Mississippi basin was tracked back, regardless of whether it was raining over the basin or not at the time of arrival. We repeated the above analysis, but only for particles that lost moisture in a Mississippi basin grid cell where E Ϫ P Ͻ Ϫ8 mm per 3-h time step (Fig. 7) . The annual mean E Ϫ P over the Mississippi basin, diagnosed using only these particles, was Ϫ563 mm yr Ϫ1 , somewhat less than the actual observed precipitation of 780 mm yr Ϫ1 (Roads et al. 2003) . A similar criterion was used already in our companion paper to identify particles producing precipitation during a flooding event. While the exact value of the E Ϫ P threshold is certainly subjective, we tested the sensitivity by varying its value from 6 to 10 mm per 3-h time step. With the 8-mm threshold the annual average P Ϫ E is below the observed precipitation over most basins, thus yielding a conservative identification of precipitating air masses. Furthermore, while the magnitudes vary, the patterns of the (E Ϫ P) c fields are very robust against changes of the E Ϫ P threshold.
Tracing back the selected particles (Fig. 7) shows that few of them arrive from the Pacific. Actually, (E Ϫ P) c for the precipitating particles is close to zero over the entire Pacific, except over the Gulf of California and just west of Baja California. In contrast, (E Ϫ P) c is highly positive over both the North American continent (again pointing toward moisture recycling) and the Atlantic Ocean, particularly the Gulf of Mexico. The region of strongly negative (E Ϫ P) 
FIG. 7. Same as Fig. 6 , but calculated only for precipitating particles with dq(dt) Ϫ1 Ͻ 0 g kg Ϫ1 (3 h) Ϫ1 and arriving in a grid cell with E Ϫ P Ͻ Ϫ8 mm (3 h) Ϫ1 .
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ducing precipitation already en route to the location from where they were traced back. In summary, our results indicate two major moisture source regions for precipitation falling over the Mississippi basin: recycling over the continent, and transport from the Atlantic Ocean, particularly from the Gulf of Mexico. How does this compare with other studies? The patterns of the evaporative source regions for rain falling over the Mississippi basin from Dirmeyer and Brubaker (1999) and Brubaker et al. (2001) are generally very similar to our 10-day-average plot ( Fig. 7c) . Also, the magnitude of the evaporative strength is comparable. They find (Fig. 2 in Brubaker et al. 2001 ) about 32-64 mm per spring or summer season for the Gulf of Mexico, whereas our corresponding (E Ϫ P)
Ϫ1 value from Fig. 7c is 0.05-0.1 mm (day) Ϫ2 in the same region (this also holds for spring and summer only). Integrating over the 10-day period and multiplying by 90 days (roughly the length of a spring or summer season) gives 45-90 mm, which is only slightly higher than the values of Dirmeyer and Brubaker (1999) and Brubaker et al. (2001) . The values over the continent are in good agreement, too. However, our maximum stretches farther east into the Atlantic Ocean and not as far south.
We cannot confirm that the Pacific Ocean is also a small but significant source of the Mississippi precipitation, as found by Dirmeyer and Brubaker (1999) and Brubaker et al. (2001) . Their 16-mm isoline [which would correspond to 0.018 mm (day) Ϫ2 in Fig. 7c ] extends at least 500 km into the Pacific Ocean, where our (E Ϫ P)
Ϫ1 value is almost an order of magnitude smaller. Actually it is hard to understand how the Pacific can be a major moisture source for precipitation over the Mississippi basin, as Pacific air has to cross the Rocky Mountains or the Sierra Madre to reach the Mississippi. While crossing these mountain chains, most of the moisture should be lost. This may have been less effective in the dataset used by Dirmeyer and Brubaker (1999) and Brubaker et al. (2001) because of its lower resolution and, thus, lower mountain crest height, leading to an overestimate of water vapor transport across the Rocky Mountains. Indeed, in a water vapor tracer study using a GCM Bosilovich and Schubert (2002) found that the North Pacific contributes only 2.2% of the summer precipitation in the southeastern United States. In a similar study, Bosilovich et al. (2003) found that the North Pacific contributes less than 15% to Texas precipitation in winter and close to 0% in summer. This agrees well with our results.
Looking now at when the moisture was taken up before the air precipitated over the Mississippi (Fig. 8) , we see again the strong contrast between the Pacific and the Atlantic Ocean. While for the Atlantic (E Ϫ P) i c is positive and increasing linearly backward in time over the entire 10 days, (E Ϫ P) i c is negative and decreases with time over the Pacific. The Mississippi basin itself is clearly the most important moisture source up to about 4 days back, after which most of the air has left the basin and (E Ϫ P) i c remains almost constant. It takes 8 days back for the Atlantic to become a larger moisture source for the Mississippi than evaporation in the Mississippi basin itself. Also, other North American land areas supply significant amounts of moisture for precipitation over the Mississippi. This emphasizes the important role of relatively rapid precipitation recycling over land.
Global source-sink relationships
In the same manner as described in the previous section, (E Ϫ P) c was tracked forward from all ocean basins and backward from the river basins. Land areas outside the 39 river basins were collectively classified as "Other land." In this section we describe the results from a global point of view and for annual mean conditions. Table 3 lists, for every ocean basin, annual mean (i.e., integrated over the whole study period and divided by the number of years) (E Ϫ P)
a. Forward tracking from the ocean basins
c , and (E Ϫ P) 10,i c integrated over receptor basins as obtained from the forward tracking. For every source ocean basin, the table contains entries for the four river and four ocean receptor basins with the largest absolute (E Ϫ P) 10,i c values as well as the total integral over all land and ocean surfaces, respectively. To make the values more comparable, they are expressed in units of the annual mean total precipitable water residing over the source basin. Generally, values tend to be smaller for the larger source basins where a large part of the tracked air remains over the basin itself during the period of tracking. For instance, within 10 days of transport, Pacific Ocean air masses lose 14 times their precipitable water content per year over land and gain as much as their original content over other oceans. In contrast, Red Sea air masses lose 72 times their precipitable water content over land and gain 58 times their precipitable water content over oceans. This shows the relatively larger role of transport for the smaller basins.
The air masses tracked forward from seven ocean basins (including the largest ones: Atlantic Ocean, Pacific Ocean, and Indian Ocean) have negative (E Ϫ P) 10,i c values over land; that is, they lose water over land as they travel away from their source. However, for air masses tracked from four basins (E Ϫ P) 10,i c is positive over land. Three of these basins (Baltic Sea, Hudson Bay, and Arctic Ocean) are located at high latitudes and are indeed net moisture sinks (see Table 1 ). The fourth, the Mediterranean Sea, however, is a strong net source of water vapor (see Table 1 ) and one would expect air masses leaving the Mediterranean to provide moisture to the surrounding landmasses. This was indeed the case in the example for winter shown in the previous section (see Figs. 4 and 5) , and, in fact, (E Ϫ P) 10,i c is negative over all Eurasian river basins north of the Mediterranean (Danube, Volga, Ob, Yenisey, Dnepr, Don, Lena, Rhine, Elbe, Seine) even in the annual mean. But Mediterranean air masses have strongly positive (E Ϫ P) 10,i c values over river basins to the south (Niger, Nile, Indus), especially in summer. The reason for this is the prevalence of anticyclonic conditions over the Mediterranean in summer, which suppress convection and prevent air masses aloft from having contact with the sea surface. When traveling southward, these air masses descend isentropically and arrive at the ground very dry, leading to moisture uptake. In the annual mean, Mediterranean air masses are, therefore, a net sink of moisture for the river basins in Africa and on the Indian subcontinent. Figure 9 shows the annual mean (E Ϫ P) 10,i c fields for the earth's three major ocean basins: the Atlantic, Pacific, and Indian Oceans. Values are highest over the source basins, indicating that a large fraction of the tracked air masses typically remains over the respective source basin for part of (or even the entire) tracking time. The (E Ϫ P) 10,i c distributions over the source basins are qualitatively similar to the unconditional E Ϫ P fields (see Fig. 1 in our companion paper), but there are also significant differences. For instance, in the North Atlantic storm track, negative (E Ϫ P) 10,i c values occur over much larger regions than in the corresponding unconditional (E Ϫ P) fields, because no air masses are entering the basin from the North American continent over the 10-day tracking period. These air masses (and also those arriving from the Pacific; see below) are relatively dry and normally lead to evaporation over the North Atlantic. Without them being accounted for, precipitation dominates over evaporation over a much larger area of the North Atlantic than in the unconditional case. In the following, we concentrate on the (E Ϫ P) 10,i c patterns outside the respective source basins, thus focusing on moisture transport to other basins.
Air masses tracked from all three ocean basins are a significant source of moisture for the Arctic and South- ern Oceans (Fig. 9) . However, because of missing land barriers and its lower-latitude location, moisture transport into the Southern Ocean is much more effective than moisture transport into the Arctic Ocean. Air masses from the Atlantic, Pacific, and Indian Oceans supply 20, 15, and 33 times their average moisture content per year to the Southern Ocean, but only 3, 1, and 0 units, respectively, to the Arctic Ocean (all counted over the 10-day period of tracking; see Table 3 ). Thus, even considering the smaller size of the Arctic Ocean, much less freshening of the surface waters is produced there than in the Southern Ocean. In fact, over the 10 days of tracking, Atlantic, Pacific, and Indian Ocean air masses together lose 10 4 km 3 yr Ϫ1 of water over the Arctic Ocean, nearly 3 times the river discharge into the Arctic Ocean (Dai and Trenberth 2002) . While a large part of this may eventually evaporate in underlying Arctic air masses instead of actually reaching the ocean surface and these values are biased high because of trajectory errors, the much higher values over the Another big question in the study of the thermohaline circulation is why deep water formation occurs in the North Atlantic but not in the North Pacific (Weaver et al. 1999; Emile-Geay et al. 2003) . Table 3 shows that Atlantic air masses are neither a source nor a sink of moisture for the Pacific over the 10-day time scale considered. In contrast, Pacific air masses trigger very strong evaporation over the Atlantic where they take up an additional 13 times their average moisture content per year. This asymmetry occurs in both hemispheres, but it is especially pronounced in the Northern Hemisphere (Fig. 9) . There, strong moisture uptake into originally North Pacific air masses occurs over the North Atlantic up to latitudes of about 50°N, and even farther north there is little net moisture loss from North Pacific air masses (Fig. 9b) . Thus, it appears that strong evaporation events (which increase the sea surface salinity) are triggered over much of the North Atlantic when Pacific air masses are transported over it but not vice versa. This feature is almost exclusively the result of the wintertime circulation and virtually not present in summer. The reason for this is that moisture is efficiently extracted from Pacific air masses over North America's topography. Especially in winter, little of the moisture lost is replaced by evapotranspiration over land and the originally North Pacific air masses arrive relatively dry over the North Atlantic, where they lead to strong evaporation. Instead, the moisture for precipitation over the high-latitude North Atlantic comes mostly from the lower latitudes of the North Atlantic itself (cf. Figs. 9a and 9b) . Such an evaporation-precipitation cycle, however, has little net effect on the sea surface salinity given that surface ocean currents are also running northward in the subtropical and midlatitude North Atlantic. Furthermore, freshening of the North Pacific-but not of the North Atlantic-is produced by net precipitation in air masses coming from the Indian Ocean (Fig. 9c) . In the Southern Hemisphere, in contrast, Indian Ocean air masses trigger strong net evaporation over much of the South Pacific.
Air masses originating from the high-latitude oceans (Hudson Bay, Arctic Ocean, and Southern Ocean) are extremely strong sinks of moisture when they are transported toward lower latitudes [ Fig. 10 shows (E Ϫ P) Southern Ocean air masses, for instance, take up an additional 356 (727) times their average moisture content per year through net evaporation over the Indian, Pacific, and Atlantic Oceans within 5 (10) days (Table  3) . Arctic Ocean air masses take up an additional 144 units over the Atlantic and 129 units over the Pacific within 10 days (note, again, the stronger uptake over the Atlantic despite its smaller area). For the Arctic Ocean air masses, net moisture uptake occurs not only over the Atlantic and Pacific but also over most of the Northern Hemisphere landmasses, except where topographic lifting can extract moisture from these cold air masses (mainly over Greenland and along the coast of Norway). Southern Ocean air masses lose moisture over the southern tip of South America and, particularly, along the Antarctic coastline.
This paper cannot go into regional details, but two features are noteworthy. While South Africa is surrounded by the Atlantic and Indian Oceans and is also close to the Southern Ocean, the only air masses causing net precipitation there are those from the Indian Ocean, a finding that agrees well with a regional study (D'Abreton and Tyson 1996) . Over Australia, there is a strong contrast between Indian Ocean air masses, which cause net evaporation, and Pacific air masses, which produce net precipitation. values exceed 100%; that is, more moisture is taken up during the 10 days before a precipitation event than is lost during it. Most of the values are moderately above 100%, indicating that the typical time scale of an evaporation/precipitation cycle is of the order of 10 days, without any clear systematic differences between tropical and extratropical basins.
It is relatively common (nine cases) that the target basin itself is the largest source of the precipitating water, indicating the global significance of precipitation recycling within the same catchment. If the concept of precipitation recycling is extended to also include moisture transport from other land surfaces, recycling becomes even more important. In 18 cases, the largest water vapor source over 10 days is not an ocean basin, and also in 18 cases less than 50% of the water comes from the oceans. This is particularly the case for the rivers in northern Eurasia (Volga, Dnepr, Don, Ob, Yenisey, and Lena) that are remote from ocean surfaces (except for the Arctic Ocean, which is a net moisture sink) and for which generally the basin itself, the basin to the east, and "other land" are the largest moisture sources. This is consistent with both westerly moisture fluxes and decreasing precipitation amounts from west to east over the Ob, Yenisey, and Lena basins during summer (Fukutomi et al. 2003) . It is also consistent with the moisture flux convergence having a summer minimum despite the summer peak in precipitation, which has been explained with strong local surface evaporation and convection (Serreze and Etringer 2003) . Serreze et al. (2002) have estimated the annual peak local recycling ratios over the Ob, Yenisey, and Lena basins to be 25%, 28%, and 22%, respectively, in July. As there is no universal definition of the recycling ratio and its associated length scale (see Eltahir and Bras 1996; Trenberth 1999) , we may define it here as the ratio between the (E Ϫ P) Ϫ10,i c over the target basin itself and totally. From Table 4 we thus obtain corresponding annual mean values of 32%, 36%, and 26%. These values are somewhat higher than the recycling ratios of Serreze et al. (2002) , but they show the same behavior, that is, strongest recycling over the Yenisey and weakest recycling over the Lena basin. In fact, our recycling ratios are upper estimates, as the moisture present in the target air mass 10 days back (which probably has little local contribution) is not accounted for. Figure 11a shows the (E Ϫ P)
field for the Yenisey. It is quite patchy, but it is clear that (E Ϫ P) Ϫ10,i c is mostly positive over land and maximizes over and to the southwest of the Yenisey basin. On the other hand, (E Ϫ P) Ϫ10,i c is close to zero over most ocean surfaces, in agreement with Brubaker et al. (1993) and water tracer studies (Numaguti 1999; Koster et al. 1986 ) that found that Ͼ80% of the summer precipitation in this region originates from the land.
While we cannot discuss all of the 39 river basins here, we present the results for 4 more basins from different continents and with vastly different moisture transport characteristics. Figure 11b shows the (E Ϫ P) Ϫ10,i c field for the Ganges River. The dominant feature is a very large region of net evaporation over the Arabian Sea that stretches deeply into the Southern Hemisphere. The structure clearly reflects the southeasterly trade winds in the Southern Hemisphere that turn into the southwesterly monsoon at the equator. The monsoon air masses are most effectively transported toward the Ganges basin via northwestern India, as farther south moisture is lost over the Ghats mountains. A second moisture source region is India itself and the ocean east of it, whereas (E Ϫ P) Ϫ10,i c is negative over the Ganges basin itself (Table 4) . Moisture recycling over the basin itself appears not to be an important contributor to the precipitation over the Ganges.
Monsoonal flows are also important for the Niger (Fig. 12a) . About half of the (E Ϫ P)
originates from the Atlantic Ocean and the other half originates from over land (including the Niger basin itself). Moisture from the Atlantic Ocean is provided from the Southern Hemisphere via the southeasterly trade winds, which turn into the southwesterly monsoon flow in the Northern Hemisphere in summer. This transport route is not unlike the trajectories shown for tropical plumes causing extreme precipitation in western Africa (KM) and confines the oceanic moisture source region to a relatively small area off the African coast. Notwithstanding the fact that Mediterranean air masses, on average, produce net evaporation over the Niger basin (see Table 3 ), they also provide 5% of the Niger precipitation.
The dominant moisture source for the Amazon River, providing 125% of the identified precipitation over 10 days back in time, is the Atlantic Ocean (Fig.  11c) . Moisture for the Amazon precipitation originates in two lobes of high (E Ϫ P)
values over the Atlantic Ocean, which are separated by slightly negative (E Ϫ P) Ϫ10,i c values in the intertropical convergence zone. The fact that moisture originates from the subtropics of both hemispheres is certainly key to why the Amazon is the world's largest river. Over South America, the (E Ϫ P)
field is complicated and must be interpreted with caution, as the Amazon is one of the basins with the poorest agreement between basinintegrated E Ϫ P and river-mouth streamflow (see Table 2 ). It appears that the Orinoco and the Tocantins basins are significant additional sources of moisture (Table 4) , whereas (E Ϫ P) Ϫ10,i c integrated over the Amazon basin itself is negative. However, there is an increase from (E Ϫ P)
Ϫ10,i c ϭ Ϫ3%, indicating that significant recycling may indeed take place, which is masked in the 10-day-integrated value by precipitation occurring shortly before an identified precipitation event. Eltahir and Bras (1996) reported recycling ratios of 25% and 35%, depending on the dataset used, and Trenberth (1999) reported various values from 5% to 34% for the Amazon basin, depending on how the recycling ratio was defined. Both studies also noted the large heterogeneity in the recycling ratio over the Amazon basin, a feature that is reflected also in our (E Ϫ P)
For the Murray River in Australia, the Pacific Ocean is the dominant moisture source (Table 4 ; Fig. 12b ), but recycling over the basin and other parts of Australia also makes a significant contribution.
Discussion
In this paper and in Part I we have developed a Lagrangian method to track water vapor in the atmo- sphere and diagnose its sources and sinks. There exist numerous other studies, many for extreme precipitation events, using trajectories for tracking water vapor (e.g., Wernli 1997; Dirmeyer and Brubaker 1999; Bertò et al. 2004; KM) . While some of these methods are conceptually similar and have, in fact, inspired this work (e.g., Wernli 1997), none was applied on a global scale. Normal trajectory models start trajectories of a certain length from particular locations or from a regular grid. This makes them inefficient because the restarting interval must be shorter than the trajectory length, thus multiplying both the computation time and the size of the model output. With FLEXPART, in contrast, the atmosphere is divided into particles of equal mass that are then carried mass-consistently for periods that are limited only by the availability of the meteorological input data (to produce this climatology on a personal computer took only a few days). The model output is relatively compact (about 200 gigabytes for this study) and much smaller than what a conventional trajectory model would produce. This study was limited to transport times of 10 days, but the model output itself is suitable also for the analysis of much longer transport times, which would completely exhaust conventional trajectory models. Furthermore, FLEXPART contains parameterizations for turbulence (which were used here) and convection (which will be used in the future). We have used only q from the ECMWF data for our analysis, but the FLEXPART output could have been analyzed also with other methods, for instance by combining it with observed precipitation and forecast evaporation (e.g., Dirmeyer and Brubaker 1999) . Thus, while the particle modeling approach has clear advantages over normal trajectory modeling, there appear to be no disadvantages.
The principal advantage of our method to diagnose E Ϫ P is that it uses a single self-consistent meteorological analysis dataset and requires no additional input from observations or model forecasts. However, there are also two major disadvantages. First, the method diagnoses a flux quantity (E Ϫ P) using the time derivative of humidity along a particle trajectory. If the analysis data are noisy (i.e., contain unrealistic fluctuations of humidity), this will be diagnosed as moisture fluxes. If these errors are purely random, they would cancel each other for longer time averages. However, for shorter time periods or smaller regions, they could significantly affect our results.
Second, even though trajectory errors are random (Stohl 1998) , they can affect the results systematically. Consider a particle that is originally located in a relatively moist air mass (e.g., over an ocean basin) that is tracked forward. If that particle leaves the tracked air mass because of trajectory errors and enters a drier air mass, q decreases along its trajectory, which erroneously leads to (E Ϫ P) c Ͻ 0. Therefore, (E Ϫ P) c will be systematically too small for the forward tracking from moist regions. Trajectory accuracy is likely to be most critical for small basins and may be somewhat less critical for large basins. Second, the method as it was applied here cannot diagnose surface fluxes of moisture, but only the fluxes into or out of the tracked air mass. Considering again a moist air mass, it is likely that some of this moisture will be lost to other air masses via mixing and/or precipitation that reevaporates before reaching the surface. While the diagnosed moisture loss from the tracked air mass will be correct in this case, it will systematically overestimate the surface flux. The opposite problems occur if relatively dry air masses are tracked.
It is quite clear that our results are affected by these errors, as the moisture budget between forward and backward calculations is not closed. For instance, it was diagnosed that Mediterranean air masses supply about 9 times their precipitable water per year to the Danube basin (or at least to other air masses residing over that basin) (Table 3) , which translates to a moisture loss of 300 km 3 yr Ϫ1 (400 mm yr Ϫ1 ), about twice the unconditional E Ϫ P for the Danube and more than half the annual precipitation. On the other hand, it was found that only 14% of the precipitation over the Danube was supplied directly via net evaporation over the Mediterranean (Table 4) . While some of the discrepancy can be explained by the fact that Mediterranean air supplies moisture to drier air masses over the Danube basin (rather than to the surface), it is likely that the larger part of it comes from trajectory errors. More generally, it appears that the forward tracking overestimates both moisture losses over relatively dry regions and moisture gains over relatively moist regions. This will tend to enhance the (E Ϫ P) c patterns resulting from the forward tracking. Trajectory errors will likely affect the back tracking from the precipitation events much less as the moisture variability over the moisture source regions is less extreme than over the loss regions.
Because of the above problems, the results reported in Tables 3 and 4 should best be interpreted semiquantitatively only. The reported magnitudes of moisture sources and sinks tend to be overestimated; that is, they are too high for positive values and too small for negative ones. However, the general patterns of the (E Ϫ P) c fields and the relative ranking of moisture source and sink basins should be quite reliable as it is likely that trajectory errors will have similar effects over basins with similar characteristics. In the future, these errors could be reduced significantly by running a particle model online with a data assimilation system. Using the full model resolution and the model-internal time steps would greatly help to reduce trajectory errors. Furthermore, if parameterizations for subgrid-scale processes (turbulence and convection) were consistent between the assimilating model and the particle model, errors in the (E Ϫ P) c budgets would be due solely to the assimilating model itself and the observations entering it.
The convection scheme in FLEXPART was not turned on in this study because, due to the model's offline nature, particles would fluctuate between drier and moister regions of the convective column and the moisture changes would be diagnosed as repeated changes in a particle's specific humidity. These fluctuations would be partly unrealistic, given that the moisture changes are diagnosed offline from the ECMWF model. While this would not affect E Ϫ P, it would affect the identification of significant precipitation events, the particle tracking, and (E Ϫ P) c budgets. In the future, the convection scheme will be turned on and particles undergoing convection will be marked, allowing one to test its effect. However, it is our experience from tracer studies (Stohl et al. 2002) that at the resolution used here simulated transport processes are relatively insensitive to whether the convection scheme is used or not. It is, thus, not expected that turning on the convection scheme would change the results significantly. Ideally, however, FLEXPART should be run online with the ECMWF model in order to use the convection scheme.
In this paper, we have studied only the mean conditions over the 4-yr period. In the future, however, the most interesting applications of this method will be to explore seasonal and interannual variability in the moisture transport, including extreme events (e.g., Brubaker et al. 2001 ). This could help to clarify the relation between climate variability and moisture transport. Comparing extremely wet seasons with drought periods could shed light onto the question how much of their difference is produced locally and how much is due to teleconnections, for instance, via different sea surface temperature distributions. An obvious advantage of this method compared to others in that regard is that it can be applied efficiently on a global scale and for long time periods.
There exist transport climatologies based on Lagrangian methods both for the atmosphere (Stohl 2001; Eckhardt et al. 2004 ) and for the oceans (Döös 1995; Blanke et al. 2001) . Since evaporation and precipitation constitute a physical mass exchange between the two spheres, it would be quite interesting to develop a coupled climatology with the vision to trace water molecules through both the oceans and the atmosphere and identify source-sink relationships between them. In combination with a river transport model and land surface model, a truly global Lagrangian perspective of water transport could possibly be achieved. While such an undertaking would be considerable effort, this method could be the starting point.
Conclusions
The conclusions from this study are as follows:
• A Lagrangian particle dispersion model, driven with ECMWF analyses, has been used to calculate the trajectories of so-called particles, together representing the total mass of the atmosphere, over a 4-yr time period. The resulting dataset of specific humidity along trajectories can be used much more efficiently to study atmospheric transport processes than the trajectory methods used so far.
• The changes of specific humidity along the trajectories were used to diagnose net moisture loss or gains. It was shown that if all the particles in a column are considered, the method can diagnose budgets of evaporation minus precipitation (E Ϫ P) very accurately and consistently with existing Eulerian methods. The E Ϫ P budgets for 39 river catchments worldwide were compared to climatological mean streamflow at the river mouths and it was found that for most of the world's largest rivers the two datasets agreed within about 20% (explained variance 87%).
• The method was then used to track moisture budgets forward from all ocean basins and backward from the 39 river catchments for a period of 10 days. For the backward tracking, only precipitating particles with a moisture loss in grid cells with significantly negative E Ϫ P were considered in order to identify the moisture source of precipitation.
• The Atlantic Ocean and recycling over the North American continent were found to be the dominant moisture sources for precipitation over the Mississippi, in good quantitative agreement with previous trajectory studies (Dirmeyer and Brubaker 1999; Brubaker et al. 2001) . In contrast to these studies but in good agreement with water tracer studies (Bosilovich and Schubert 2002; Bosilovich et al. 2003 ) the Pacific Ocean was not identified as a significant moisture source for Mississippi precipitation.
• Consistent with previous studies (e.g., Numaguti 1999) it was found that for 18 of the 39 river basins, more than 50% of the precipitation had its origin over land surfaces, most importantly for the rivers in northern Eurasia (Volga, Dnepr, Don, Ob, Yenisey, and Lena) that are remote from ocean basins.
• The source regions of water precipitated over the Ganges and Niger catchments stretch deeply into the Southern Hemisphere, due to the monsoon circulation, whereas the Amazon draws its precipitation from two separate source regions in the subtropics of both hemispheres.
• Transport of air from the North Pacific produces net evaporation over the North Atlantic, but not vice versa. Furthermore, transport of air from the Indian Ocean produces net precipitation over the Pacific. These differences are an important reason why the North Atlantic is more saline than the North Pacific, and, thus, why deep ocean water forms only in the North Atlantic. This is further supported by much less atmospheric moisture transport into the Arctic Ocean than into the Southern Ocean.
• Trajectory errors lead to systematic effects in the tracked (E Ϫ P) budgets. Running the dispersion model online with a data assimilation system could reduce these errors significantly and would improve the accuracy of the tracked (E Ϫ P) budgets.
